Abstract: Land cover and forest mapping supports decision makers in the course of making informed decisions for implementation of sustainable conservation and management plans of the forest resources and environmental monitoring. This research examines the value of integrating of ALOS PALSAR and Landsat data for improved forest and land cover mapping in Northern Tanzania. A separate and joint processing of surface reflectance, backscattering and derivatives (i.e., Normalized Different Vegetation Index (NDVI), Principal Component Analysis (PCA), Radar Forest Deforestation Index (RFDI), quotient bands, polarimetric features and Grey Level Co-Occurrence Matrix (GLCM) textures) were executed using Support Vector Machine (SVM) classifier. The classification accuracy was assessed using a confusion matrix, where Overall classification Accuracy (OA), Kappa Coefficient (KC), Producer's Accuracy (PA), User's Accuracy (UA) and F 1 score index were computed. A two sample t-statistics was utilized to evaluate the influence of different data categories on the classification accuracy. Landsat surface reflectance and derivatives show an overall classification accuracy (OA = 86%). ALOS PALSAR backscattering could not differentiate the land cover classes efficiently (OA = 59%). However, combination of backscattering, and derivatives could differentiate the land cover classes properly (OA = 71%). The attained results suggest that integration of backscattering and derivative has potential of utilization for mapping of land cover in tropical environment. Integration of backscattering, surface reflectance and their derivative increase the accuracy (OA = 97%). Therefore it can be concluded that integration of ALOS PALSAR and optical data improve the accuracies of land cover and forest mapping and hence suitable for environmental monitoring.
Introduction
Recurrent information regarding the status of the forest and land cover is crucial. The information is required to support decision makers in making informed decisions for implementation of sustainable conservation and management plans of forest resources and environments. Since the launch of Landsat mission in 1970s remote sensing based land cover categorization and forest mapping has been an effective theme of study. SAR and optical remote sensing data have been widely utilized for forest and land cover classification [1] [2] [3] [4] [5] [6] . Optical sensors provide data which are utilized for detecting the land cover variations, forest cover mapping and forest biophysical parameters extraction [1, 3, [5] [6] [7] [8] . Nevertheless, optical sensors acquire data of the top most of canopy of the vegetation and they depend strongly on atmospheric conditions (e.g., haze, smoke and clouds) [1] . On the other hand, Synthetic Aperture Radar (SAR) systems have the benefit of being able to deliver systematic and cloud-free measurements of the earth surface frequently. The SAR data delivers unique information on forests allowing the description of the canopy architecture with scattering mechanism [1] . Therefore, substantial enhancements may be attained in mapping forest and land cover categorization when using SAR data. A good example of SAR, is the Advanced Land Observing Satellite (ALOS) Phased Arrayed L-band SAR (PALSAR), launched in early 2006 [9] .
Optical and SAR data have widely been applied independently in practice. However, the accuracy of the land use/cover and forest maps produced using either optical or SAR data alone may not be good enough due to misclassification among vegetation types and land cover classes [10] . One of the commonly suggested means to enhance the accuracy of forest cover mapping and land cover classification is the combination of data from multiple sensors both optical and SAR [11] . This is due to the fact that optical and SAR sensors refer to different properties of the acquired scene such that when combined, they complement each other to enhance the performance. They acquire complementary information by operating on diverse regions of the electromagnetic spectrum, such that its integration may lead to very accurate information for landscape categorization [11, 12] . ALOS PALSAR combined with Landsat data have been utilized successfully for forest mapping and land cover classification [2, 5, 6, 13] . The results of these studies indicated that the integration of multi-source data increases the classification accuracy substantially compared to independent use of the data.
The main objective of this work is to assess the potential of combining SAR and optical remote sensing data and derivatives in forest mapping and land cover categorization for environmental monitoring. Specifically; to evaluate the independent capabilities of Landsat TM surface reflectance and ALOS PALSAR L band backscattering data derivatives in forest and land cover mapping; to assess the reliability of integration of Landsat surface reflectance and ALOS PALSAR backscattering derivatives for forest mapping and land cover categorization; to compare the accuracy of land cover categorization based on a joint processing of ALOS PALSAR backscattering, Landsat TM surface reflectance and their derivatives. Generally, the current study adds on previous studies by investigating the influence of various backscattering and surface reflectance derivatives in the classification system for the purpose of improving the overall classification accuracy.
Study Area
The study is based on Bereko and Duru-Haitemba forest reserves in Babati district, Manyara region, northern Tanzania. The reserves are located between latitude 4 • 15 S and 4 • 30 S, and between longitude 35 • 
E and 35
• 50 E within lake Manyara basin ( Figure 1 ). The mean annual rainfall is 700 mm/year and the average rainfall of about 60 mm/month ( Figure 2 ). The mean monthly air temperature is 23 • C per day. The forest reserves can be categorized into six main land cover/use types: water (e.g., lakes and streams), shrubs, natural dense forest and moderate forests/woodlands ( Table 1 ). The land categorized land cover types have been adopted from a 1996 land use/cover map of Singida (Sheet Index SB 36-4). 
Datasets and Methods

Datasets
Remote Sensing Data
Both optical and SAR images (Table 2, Figure 3 ): Landsat 5 Thematic Mapper (TM) with a spatial resolution of 30 m and ALOS PALSAR L band [9] are applied, all images were acquired in 2009 dry season. Optical images acquired during the dry season are reported to be better and suitable for classification purposes in tropical environments [8, 14] . The images acquired on the driest period of the year enhances spectral separability among classes. Six bands of the Landsat 5 TM image were used, these include visible and short wave infrared bands. Panchromatic and thermal infrared bands were not embraced in this research. 
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Remote Sensing Data
Both optical and SAR images (Table 2, Figure 3 ): Landsat 5 Thematic Mapper (TM) with a spatial resolution of 30 m and ALOS PALSAR L band [9] are applied, all images were acquired in 2009 dry season. Optical images acquired during the dry season are reported to be better and suitable for classification purposes in tropical environments [8, 14] . The images acquired on the driest period of the year enhances spectral separability among classes. Six bands of the Landsat 5 TM image were used, these include visible and short wave infrared bands. Panchromatic and thermal infrared bands were not embraced in this research. The ALOS/PALSAR scenes utilized were acquired in fine beam double mode (FBD). The HH and HV polarization scenes were extracted and obtained in slant range single look complex (SLC) format (level 1.1). Another dataset which has been utilized is the Shuttle Radar Topographic Mission (SRTM) Digital Elevation Model (DEM) 90m resolution [15, 16] from US Geological Survey (USGS). The DEM was then resampled to 30 m spatial resolution using the nearest neighbor interpolation technique.
Ground Truth Data
Ground truth information was based on field data and on the inspection of spectral profiles ( Figure 4) . A set of Global Positioning System (GPS position) of points and knowledge-based information were captured for purposes of ground truthing in October 2009. The period is compatible with Duru Haitemba and Bereko forest reserve dry season (June to October/November) ( Figure 2 ). Additionally, Apart from the GPS based sampling sites collection, a higher resolution image (i.e., Google Earth Image) and Normalized Difference Vegetation Index (NDVI) [17] were utilized for ground truthing purposes. A total of 143 sampling sites were selected and used during the selection of training and validation samples. This include water 12, bare land 22, moderate forest 35, dense forest 40, and shrubs 34 ( Figure 1c) . Among 143 sites, 96 sampling sites were selected based on Google Earth imagery especially within the lake and areas that were not accessible during the fieldwork and 47 sites were selected using a GPS device during the fieldwork. For every land cover class identified, five or more ground truthing sites were recorded on the area of interest using GPS. The points were then overlaid on the Landsat TM image for sampling of training and validation samples. Based on visual inspection of the higher resolution image and location of the collected samples in the field, training and validation samples were collected.
Methods
Image Pre-Processing
ALOS PALSAR dual polarization data scenes employed in this study were acquired at the slant range single look complex format. Both HH and HV polarizations of ALOS/PALSAR data from the single look slant range complex images were utilized. To improve radiometric resolution and to square the pixels in ground range geometry that is similar to the spatial resolution of Landsat data (e.g., 30 m); a multi-looking procedure of 9 × 2 (i.e., nine looks in azimuth and two looks in range) was applied to the scenes so as to transform them from slant range to ground range resolution [1, 18, 19] . The results were images with a 29.9 × 27.7 m 2 resolution in range and azimuth respectively.
The refined Lee spatial filter [20] was adapted for speckle noise reduction. A 7 × 7 window size was selected based on minimum values of Speckle Suppression Index (SSI) [21, 22] and Mean Preservation Speckle Suppression Index (MPSSI) [22] .
To correct the data geometrically to allow integration of various datasets an orthorectification procedure using Shuttle Radar Topographic Mission (SRTM) Digital Elevation Model (DEM) 90 m resolution [15, 16] was applied. All scenes were geo-referenced and registered in Universal Transverse Mercator (UTM) zone 36 projection system in the southern hemisphere. This is due to the fact that image fusion can only be executed for co-registered ALOS PALSAR and Landsat 5 TM scenes. All images were sampled to same pixel size, corresponding to the same location on the different images to be combined. After the geocoding process the intensity images were then transformed to their corresponding radar backscattering coefficients (sigma nought, σ o in decibel (dB)). The digital number (DN) values were converted to normalized radar backscattering coefficients using Equation (1) [23] :
where σ o is the radar backscattering coefficient, CF is a calibration factor (CF = −83 dB), I and Q are the real and imaginary parts of the complex SAR image DN value. Radiometric terrain correction was also applied to all ALOS PALSAR scenes so as to account for topographic effects on the radar backscattering coefficients. The improved backscattering in gamma-nought γ o was attained from the sigma-nought σ o value based on Equation (2) [2, 24, 25] .
where by γ o is topographic normalized radar backscattering coefficient, σ o is the radar backscattering coefficient, A f lat is PALSAR pixel size for a theoretical flat terrain, A slope is true local PALSAR pixel size for the mountainous terrain, θ loc is local incidence angle and θ re f is radar incidence angle at the image center. The exponent n is the optical canopy depth and ranges between 0 and 1. It is a site-specific factor and difficult to obtain in practice, therefore it is set to 1 [2] . Polarimetric features like alpha angle (α), entropy (H) and anisotropy (A) were also computed based on Alpha-Entropy decomposition proposed by Cloude and Pottier [26] . The features were computed as derivatives of SAR backscattering ready for the integration of surface reflectance, backscattering and their derivatives. Cloude and Pottier have proposed a method of the extraction of mean diffusion based on eigenvalues/eigenvectors decomposition of the coherence matrix in order to characterize scattering interactions of the beams with the targets. High values of alpha stand for volume or multiple scattering mechanisms and low values associate with surface scattering. Entropy indicates the randomness or statistical disorder of the target [26] .
After orthorectification of the Landsat-5 TM data, the digital numbers were then converted to sensor radiance considering both gain and bias of the sensor. The sensor radiance was then converted to surface reflectance using Atmospheric and Topographic Correction 3 (ATCOR3) [27] . The data were also topographically normalized using ATCOR3 [2] . In ATCOR3 the topographic normalization algorithm is developed by [28] and the atmospheric correction functions are based on MODTRAN4. MODTRAN4 is an atmospheric correction package accounts for path scattered radiance, absorption, and adjacency effects [29, 30] .
Indices and Textural Parameters Computation
Several indices that include vegetation indices (VI), PCA and texture variables were derived using Landsat-5 TM and SAR data to evaluate their influence on land cover classification. VI, PCA and texture measures of both optical and SAR data are extensively applied for land cover classification [2] .
Three key SAR indices were extracted using the amplitude backscatter values of HH and HV polarizations from the ALOS PALSAR data. This includes SAR quotient bands HH/HV and HV/HH [31] and Radar Forest Deforestation Index (RFDI) [32] and the Grey-Level Co-Occurrence Matrix (GLCM) [33] textural feature measures (Table 3) . RFDI is a ratio between the power of the HH and HV polarizations meant to measure the strength of the double bounce term and distinguish various vegetation types (i.e., HH − HV/HH + HV) [32] .
The GLCM textures were retrieved for ALOS PALSAR and Landsat scenes, respectively. The GLCM texture measures have been widely applied in previous researches on land cover categorization [2] . The GLCM texture measures make use of grey-tone spatial dependence matrix to quantify texture features, which are utilized for classification purpose. The GLCM expresses texture in a user defined moving window and considers for this moving window the spatial co-occurrence of pixel grey levels [34] . The size of the kernel selected affects the role of GLCM textures in land cover classification [2, 3] . Therefore, choosing a suitable kernel size for texture quantification is essential. This is due to the fact that smaller kernel size may exaggerate variations while larger kernel size cannot efficiently quantify texture because of smoothing [3, 34, 35] . For each band eight textural variables were computed namely mean (mea) entropy (ent), correlation (cor), variance (var), homogeneity (hom), dissimilarity (dis), contrast (con) and second moment (sec) ( Table 3) . A moderate kernel size of 9 × 9 was selected based on the separabilities of different land cover classes.
Additionally, for Landsat 5 TM image; the Normalized Vegetation Index (NDVI), Soil adjusted Vegetation Index (SAVI) [36] , Soil leaf Area Vegetation Index (SLAVI) [37] and principal component analysis (PCA) [38] were retrieved (Table 3) . NDVI provide greenness information to indicate vegetated and non-vegetated areas in the classification system. The PCA is a data compression method that reduces dimensionality of the multidimensional data sets. In PCA the axes of the origin feature space are rotated in such a way that the data set are presented unrelated in a new component space. The first PC band consists of the largest fraction of the dataset variance while the last PC band consists of the smallest fraction of the dataset variance [4, 38] . PC band lacks redundancy of data given the orthogonal components and reduces complexity in image classification [39] . 
GLCM Textural Measures
Measure of textural features; p(i,j) is a normalized grey-tone spatial dependence matrix such that SUM (i,j = 0, N − 1) (P(i,j)) = 1; i and j represent row and column respectively.
Measure of textural features; µ is the mean
Measure of textural features, N is the number of distinct grey levels in the quantized image
Measure of textural features; µ x , µ y , σ x and σy are the means and standard deviations of p x and p y respectively
Measure of textural features
Measure of textural features Generally, in this study SAR and Landsat data derivatives like GLCM textural bands, PCA, NDVI/RFDI and quotient bands are integrated in the classification system and they show a significant impact. This is due to the fact that, they contribute key information to aid image-processing tasks such as segmentation, feature extraction and object recognition.
Image Synthesis
Following image pre-processing various procedures were performed so as to prepare the multi-sensor input bands for the subsequent land cover categorization and forest mapping. Image synthesis is a process, which is used to combine information from multiple images of the same scene so as to acquire more information from the integration. It is a combination of different digital images to obtain a new image and obtain more information that can be separately derived from any of the origin image [4, 11, 12] . The resulting new image is more suitable for human and machine perception or further image-processing tasks such as segmentation, feature extraction and object recognition [41] .
Image synthesis can be achieved using two different methods: image fusion or multi-sensor integration. The first method combines the data contained in two or more image bands to form a new synthetic image or group of images. The second method combines n images in n different layers algorithmically, without creating a new set of images [4, 11, 12] . In this study, the second image integration approach has been adapted. Image integration may improve reliability by using redundant information and improves capability by using complementary information [11] .
Sampling and Land Cover Type Determination
Identification of the representative homogeneous areas for land cover classes (Table 1) on the study area was carried out based on sampling sites (Figure 1c ). The sampling sites (both training and validation) were selected based on ground truth data for land cover type information, GPS based point locations and knowledge based information acquired on the site. Unsupervised classification and visual interpretation of the images and Google Earth images were performed to ensure collect selection of the training and validation samples. Additionally, NDVI values [17] , were utilized also in order to obtain optimal classification results [42] . Additionally, unsupervised classification and visual interpretation of these scenes were performed to ensure the correctness of the identified land cover type.
About 590 pixels within the study area were selected to serve as training and testing samples during the classification process. The samples were then divided into two groups; one for classification (training/70% of the dataset, 413 pixels) and the second was for accuracy assessment (validation/30% of the dataset, 177 pixels).
Spectral separability analysis was done using the Jeffries-Matusita distance [38] . The Jeffries-Matusita distance is widely used in the field of remote sensing to determine the statistical distance between two training samples. The separability values ranges from 0 to 2.0 and indicate how well the selected training site pairs are statistically separate. Values greater than 1.9 indicate that the training pairs have good separability [38] . Low training site signature separability is generally caused by inappropriate combinations of image bands and/or training site; these have large internal variability within each class.
Classification Algorithm and Approach
For land cover categorization of the independent bands and combined ALOS PALSAR/Landsat data and their derivatives a Support Vector Machine (SVM) classifier [1, 2, 43, 44] was utilized.
The SVM is basically a binary class classification method based on machine learning and using support vector in the data classification. SVM was chosen due to the fact that, it is a non-parametric statistical learning approach which is known for resolving complex (e.g., multimodal) class distribution in high dimensional feature spaces. It makes use of non-linear kernel functions and it deals with noise and class confusion via the regularization technique [1, 43] . Linear, polynomial, radial basis function and sigmoid are the four common kernels available in remote sensing packages. A careful selection of parameter setting can improve the performance of the SVM [45] . The Gaussian radial basis kernel function and a penalty parameter of 100 were selected based on trial and error. However, the kernel and penalty parameter selected are recommended to be the best for land cover classification [45] .
To run the classification process and assess the potential of integration of backscattering, surface reflectance and their derivatives. The datasets were categorized into three major groups A-C (Table 4) , Category A, consists of surface reflectance bands from Landsat 5 TM image and its derivatives (i.e., Vegetation index, GLCM textures and PCA). Category B, comprises of individual ALOS PALSAR backscattering and derivatives. Category C, involve the fusion of surface reflectance, backscattering and their derivatives. However, to maximize the classification accuracy the best blend of textures, indices and features were identified. This is due to the fact that, not all the derived features are useful for land cover classification and some of them may have similar information [2, 3] . Initially textural bands, indices and polarimetric features with high separability were chosen. Then the correlation among various textural bands, indices and polarimetric features was checked to decrease data redundancy [2, 3] . Finally, the selection of relevant textural bands, indices and polarimetric features was carried out based on trial and error classification. Figure 4 illustrates the overall simplified flowchart of the proposed methodology. 
Classification Accuracy Assessment
To test the capability of non-parametric classifiers compared to the maximum likelihood classification approach a validation dataset was used for accuracy assessment. The accuracy assessment was performed in terms of individual error matrices for the classified surface reflectance bands, backscattering and their derivatives for all groups of data generated for the classification scenarios (Table 4) . Four terms that describe the classification accuracy were computed (i.e., User's Accuracy (UA), Producer's Accuracy (PA), Overall Accuracy (OA) and Kappa Coefficient (κ)) [46] . Producer's accuracy is used to estimate the omission error to a certain class and it is the probability that a reference site has been classified correctly. User's accuracy is used to estimate the commission error and it is the probability that a pixel classified on the image signifies the actual class on the ground. The overall accuracy is the percentage of the pixels that have been classified correctly in the validation dataset [46] .
Furthermore, for each land cover class, F1 score index [47] , that merges producer's and user's accuracy into a fused quantity, was computed (Equation (3)). This quantity enables a better evaluation of the land cover class-wise accuracies. The score varies between 0 and 1 where by 0 signifies the worst results, and 1 is the best accuracy achieved.
F score = 2 × precision × recall precision + recall = 2 × user s accuracy × producer s accuracy user s accuracy + producer s accuracy
To evaluate the influence of surface reflectance and backscattering derivatives on the classification accuracy the two-sample t-test [48] was applied on the F1 score indexes attained. The two-sample t-test assesses whether two samples means are similar. A difference in mean indicates that the two samples are dissimilar. The test is normally applied when the test makes use of a small 
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To evaluate the influence of surface reflectance and backscattering derivatives on the classification accuracy the two-sample t-test [48] was applied on the F 1 score indexes attained. The two-sample t-test assesses whether two samples means are similar. A difference in mean indicates that the two samples are dissimilar. The test is normally applied when the test makes use of a small sample size, the variances of two normal distributions are unknown and the experimentation involve a small sample size.
Results
Backscattering, Surface Reflectance and Their Derivatives Description
SAR backscattering showed the highest values on dense forest and moderate forest compared to shrubs, bare soil and water (Figure 5a ). Relating the backscattering values in co-polarized band (HH) and cross-polarized band (HV) displays that dense forest, moderate forest and classes have higher backscattering in HV polarized band (Figure 5a , Table 5 ). In general, backscattering values are higher in the dense forest and moderate forest covers due to the predominance of surface scattering as indicated in Figure 6 . Water and bare soil covers present lower backscattering values (Figure 5a , Table 5 ).
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SAR backscattering showed the highest values on dense forest and moderate forest compared to shrubs, bare soil and water (Figure 5a ). Relating the backscattering values in co-polarized band (HH) and cross-polarized band (HV) displays that dense forest, moderate forest and classes have higher backscattering in HV polarized band (Figure 5a , Table 5 ). In general, backscattering values are higher in the dense forest and moderate forest covers due to the predominance of surface scattering as indicated in Figure 6 . Water and bare soil covers present lower backscattering values (Figure 5a , Table 5 ). (Table 1) . Z1, Z4 and Z7 are characterized by double bounce scattering, Z3, Z6 and Z9 by surface scattering, and Z2, Z5 and Z8 by volume scattering. The black dashed polygon indicates the extent of Figure 5b ; a zoomed view of the training samples distribution on the Alpha-Entropy plane. The Alpha-Entropy decomposition of ALOS PALSAR was generated from eigenvalues-based target decomposition. In the alpha-entropy plane, lower values of alpha are depicted with relatively higher entropy values especially for dense forest, moderate forest and shrub land cover classes ( Figure 6 , Table 5 ). Forest land cover classes (both dense and moderate forest) demonstrate higher alpha values compared to other classes under study (Figure 6b 
Spectral Separability Assessments
A separability analysis was conducted to assess whether the identified categories of the data could clearly differentiate various land cover types under study. Category A and C have high separability values (Table 6 ). This indicates a good separation between land cover classes. In category B, especially subgroup B1, the separability values between land cover classes are very low. This demonstrates that various land cover classes are hard to differentiate with dual polarimetric SAR data. Including backscattering derivatives like RFDI, GLCM textures, quotient bands and other derived features improve the land cover separability for instance from 0.34 in subgroup B1 to 1.57 in subgroup B2 for the SH-BS land cover pair (Table 6 ). In all data categories separability values for DF-SH, DF-WA and DF-BS land cover pair are higher (Table 6 ). The Alpha-Entropy decomposition of ALOS PALSAR was generated from eigenvalues-based target decomposition. In the alpha-entropy plane, lower values of alpha are depicted with relatively higher entropy values especially for dense forest, moderate forest and shrub land cover classes ( Figure 6 , Table 5 ). Forest land cover classes (both dense and moderate forest) demonstrate higher alpha values compared to other classes under study (Figure 6b 
A separability analysis was conducted to assess whether the identified categories of the data could clearly differentiate various land cover types under study. Category A and C have high separability values (Table 6 ). This indicates a good separation between land cover classes. In category B, especially subgroup B1, the separability values between land cover classes are very low. This demonstrates that various land cover classes are hard to differentiate with dual polarimetric SAR data. Including backscattering derivatives like RFDI, GLCM textures, quotient bands and other derived features improve the land cover separability for instance from 0.34 in subgroup B1 to 1.57 in subgroup B2 for the SH-BS land cover pair (Table 6 ). In all data categories separability values for DF-SH, DF-WA and DF-BS land cover pair are higher (Table 6 ). 
Evaluation of Classification Results for Different Data Categories
The classification results attained based on different data categories (A-C), for Landsat, ALOS PALSAR, their derivatives and integration are presented in Table 7 and Figure 7 respectively. Table 7 depicts classification results of the SVM classifiers for each data categories (A-C) in terms of the PA, UA and F 1 score index. The results are for all land cover classes under study. In Table 7 both category A and C provides the best classification accuracy in terms of PA, UA and F1 score index for all land cover types. Category B indicates poor PA for dense forest and bare soil covers, with lower UA values for dense forest, moderate forest and bare soil land cover classes. Lower F1 score index values are obtained for dense forest and bare soil covers. The overall classification accuracy for all data categories are indicated in Figure 7 . 
The classification results attained based on different data categories (A-C), for Landsat, ALOS PALSAR, their derivatives and integration are presented in Table 7 and Figure 7 respectively. Table  7 depicts classification results of the SVM classifiers for each data categories (A-C) in terms of the PA, UA and F1 score index. The results are for all land cover classes under study. In Table 7 both category A and C provides the best classification accuracy in terms of PA, UA and F1 score index for all land cover types. Category B indicates poor PA for dense forest and bare soil covers, with lower UA values for dense forest, moderate forest and bare soil land cover classes. Lower F1 score index values are obtained for dense forest and bare soil covers. The overall classification accuracy for all data categories are indicated in Figure 7 . Table 7 and Figure 7 provide a summary of the classification results attained for all data categories. In category A, PA; UA and F1 score values for all land cover classes are higher (PA and UA values ≥ 92%). Categorization of Landsat surface reflectance and its derivatives, subgroup A3 provides the highest overall accuracy value for the data category A (OA = 86%) ( Figure 7 ). This shows the influence of surface reflectance based derivatives on the classification accuracy. Landsat TM based classification results shows that medium resolution satellite data has the potential to categorize land cover efficiently (Figure 7) . The results were improved substantially on combination of surface reflectance with the derivatives like PCA, VI and GLCM textures.
Landsat TM and ALOS PALSAR Classification Accuracy
In-group B, subgroup B1 SAR backscattering values for HH and HV polarization bands are classified independently attaining an overall accuracy (OA = 59%) ( Figure 7 ). For subgroup B2, RFDI, quotient bands (HH/HV, HV/HH), HH-HV, polarimetric features (alpha and entropy) as well as GLCM textures are included. The overall classification accuracy attained for B2 (OA = 62%). For subgroup B3, HH, RFDI, HH/HV, HV/HH, HH-HV bands are included yielding an overall accuracy (OA = 64%). For data category B4, HH and selected GLCM texture bands of HH and HV (cor_HH, cor_HV, mea_HH, var_HH, sec_HH, sec_HV) are included and an overall classification accuracy (OA = 56%) is achieved. In category B5, HH and polarimetric features (Alpha and entropy) are included for the classification resulting in to overall accuracy (OA = 65%). For subgroup B6, HH, HH/HV, HV/HH, alpha, entropy, and GLCM textures bands (cor_HH, cor_HV, mea_HH, var_HH, sec_HH, sec_HV) are includes for the classification producing an overall accuracy (OA = 71%). The category with SAR backscattering only, B1 depicts the lowest overall classification accuracy (OA = 59%) while B6 presents the highest overall classification accuracy in this category (OA = 71%. Assessments among individual data category classification indicates higher accuracies in subgroup B6 compared to B1, indicating the influence of the inclusion of SAR derivatives (Figure 7) . Examining on the PA, UA and F1 score values, it can be observed that in data category B, all subgroups (B1-B6) cannot differentiate the forest covers (DF and MF) and bare soil classes properly.
Integration of TM and ALOS PALSAR
In the joint processing, ALOS PALSAR and Landsat TM data are classified together. Data category C is utilized in this case. The results obtained in this category indicated that the average overall classification accuracies of the data in subgroup C1-C6 ranges between 85% and 95%. Combination of surface reflectance, backscattering and their derivatives improves the results significantly, e.g., subgroup C1-C6) (Figure 7) . However, integration of Landsat TM and ALOS PALSAR improve the overall classification accuracy slightly. The classification accuracy of the data category with a combination of surface reflectance and backscattering (C1) produces an average overall accuracy of 91%. The classification accuracy attained in this subgroup C1 is more or less same as the one obtained using surface reflectance and its derivative, subgroup A3 (Figure 7) . SAR derivatives combining with Landsat surface reflectance derivatives, improve the results substantially as indicates in subgroup C2-C6 (Figure 7) . The highest overall classification accuracy was attained based on a joint processing of SAR backscattering, TM surface reflectance and selected bands of their derivatives (average OA = 95%). Generally, this indicates that integration of surface reflectance, backscattering and their derivatives improves the overall classification accuracy. Figure 8 present a classified land cover map, displaying the forest cover distribution over the study area. The map was produced using subgroup C6 of the dataset. significantly, e.g., subgroup C1-C6) ( Figure 7 ). However, integration of Landsat TM and ALOS PALSAR improve the overall classification accuracy slightly. The classification accuracy of the data category with a combination of surface reflectance and backscattering (C1) produces an average overall accuracy of 91%. The classification accuracy attained in this subgroup C1 is more or less same as the one obtained using surface reflectance and its derivative, subgroup A3 ( Figure 7) . SAR derivatives combining with Landsat surface reflectance derivatives, improve the results substantially as indicates in subgroup C2-C6 (Figure 7) . The highest overall classification accuracy was attained based on a joint processing of SAR backscattering, TM surface reflectance and selected bands of their derivatives (average OA = 95%). Generally, this indicates that integration of surface reflectance, backscattering and their derivatives improves the overall classification accuracy. Figure  8 present a classified land cover map, displaying the forest cover distribution over the study area. The map was produced using subgroup C6 of the dataset. 
Discussion
In this research, a separate and joint processing of Landsat TM and ALOS PALSAR has been executed. Separability values of various land cover classes using Landsat TM data, and the combination of TM and SAR data are higher compared to mere SAR data. Higher separability values using a blend of Landsat ETM+ and SAR were also obtained by Attarchi and Gloaguen [2] . For SAR data we observe lowest separability values especially between dense forest and moderate forest cover classes (Table 6) .
Independent and joint processing of Landsat TM surface reflectance and its derivatives show satisfactory results on land cover and forest mapping ( Figure 7 and Table 7 ). When classifying surface reflectance independently, data category A1 low value of the overall classification accuracy was attained compared to the integration of surface reflectance and derivatives, category A3 ( Figure  7) . The results on Land cover classification using SAR backscattering (HH and HV), category B1 are not adequate (OA = 59%). Adding SAR derivatives like quotient bands RFDI, GLCM textures and polarimetric features (Alpha and Entropy) to backscattering increase the classification accuracy significantly data category B3 (OA = 71%). SAR backscattering derivatives independently provides 
Independent and joint processing of Landsat TM surface reflectance and its derivatives show satisfactory results on land cover and forest mapping ( Figure 7 and Table 7 ). When classifying surface reflectance independently, data category A1 low value of the overall classification accuracy was attained compared to the integration of surface reflectance and derivatives, category A3 (Figure 7) . The results on Land cover classification using SAR backscattering (HH and HV), category B1 are not adequate (OA = 59%). Adding SAR derivatives like quotient bands RFDI, GLCM textures and polarimetric features (Alpha and Entropy) to backscattering increase the classification accuracy significantly data category B3 (OA = 71%). SAR backscattering derivatives independently provides an overall classification accuracy of 62%. Combining backscattering, RFDI and quotient bands (HH/HV, HV/HH) increases the overall accuracy classification to 64%. The joint processing of backscattering and GLCM textures increases the overall classification accuracy to 61%, 2% higher than when classifying backscattering alone. SAR backscattering and polarimetric features increase the overall classification value to 65% (Figure 7) . However, despite the attained satisfactory classification accuracy results based on SAR dataset; it does not surpass the accuracy achieved using Landsat data. This indicates that in the absence of optical data, SAR data can be utilized as an alternative for land cover classification purposes, especially in tropic environment where cloud cover is a huge problem. This suggests that SAR data could be utilized perfectly for environmental monitoring in the tropics. Some of the previous studies attained similar results regarding SAR data compared to optical dataset [1, 2] .
The joint processing of Landsat TM and ALOS PALSAR increases the overall classification accuracy meaningfully, category C6 (OA = 97%). Comparing to category A3, Landsat surface reflectance and its derivatives independently (OA = 86%), the increase of 11% is attained on joint processing of Landsat surface reflectance, SAR backscattering and their derivatives, However, the enhancement is not that substantial and the result attained in some of the data categories is very close to the original Landsat classification (Figure 7) . For instance the combination of surface reflectance and backscattering, category C1 improves the classification accuracy to 88%, 4% higher compared to the classification of Landsat surface reflectance independently, data category A1. The joint processing of SAR backscattering and Landsat TM derivatives, category C2, increases the classification accuracy to 91% while the joint processing of polarimetric features and Landsat based derivatives, category C3, improves the overall classification accuracy to 93%. SAR GLCM texture measures and Landsat based derivatives increases the classification accuracy to 91%. The joint processing of SAR backscattering and Landsat TM surface reflectance based derivatives, data category C5, improves the overall classification accuracy to 95%. Attarchi and Gloaguen [2] , also obtained similar results when classifying mountainous forest.
Conclusions
The potential of the integration of Landsat TM and ALOS PALSAR data has been experimented with. Based on the results attained it could be concluded that independent processing of Landsat TM surface reflectance produces satisfactory results for forest cover and land cover mapping. SAR backscattering independently results in to unsatisfactory classification results.
Landsat TM surface reflectance and its derivatives increase the classification accuracy significantly (Subgroup A3). The inclusion of SAR backscattering and derivatives especially (subgroup B3-B5) increases the overall classification accuracy at the 5% significance level when compared with backscattering alone (subgroup B1). The integration SAR backscattering and its derivatives (category B) did not surpass the classification accuracy attained when using both surface reflectance alone and the combination of surface reflectance and derivatives (category A). However, SAR backscattering and derivatives could be an alternative source of data for land cover categorization in tropical regions where cloud cover is a huge problem.
On the integration of SAR backscattering, Landsat surface reflectance and their derivatives increase classification accuracy slightly. The improvements are observed when using data category C where the average overall accuracy for all classifiers reached up to 97%. Therefore it can be concluded that integration of ALOS PALSAR and optical data improve the classification accuracies of land cover and forest mapping substantially; and the joint processing of the data indicates their great potential in environmental monitoring. In future further research using data acquired by new sensors like ALOS PALSAR-2, Landsat-8 and Sentinel-2 should be carried out to evaluate their potential in land cover categorization and mapping for environmental monitoring.
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